University of South Florida

Scholar Commons
Graduate Theses and Dissertations

Graduate School

November 2020

A Novel Magnetic Respiratory Sensor for Human Healthcare
Kee Young Hwang
University of South Florida

Follow this and additional works at: https://scholarcommons.usf.edu/etd
Part of the Physics Commons

Scholar Commons Citation
Hwang, Kee Young, "A Novel Magnetic Respiratory Sensor for Human Healthcare" (2020). Graduate
Theses and Dissertations.
https://scholarcommons.usf.edu/etd/8550

This Thesis is brought to you for free and open access by the Graduate School at Scholar Commons. It has been
accepted for inclusion in Graduate Theses and Dissertations by an authorized administrator of Scholar Commons.
For more information, please contact scholarcommons@usf.edu.

A Novel Magnetic Respiratory Sensor for Human Healthcare Monitoring

by

Kee Young Hwang

A thesis submitted in partial fulfillment
of the requirements for the degree of
Master of Science
Department of Physics
College of Arts and Sciences
University of South Florida

Major Professor: Manh-Huong Phan, Ph.D.
Hariharan Srikanth, Ph.D.
Sarath Witanachchi, Ph.D.
Date of Approval:
October 30, 2020

Keywords: microwire, magnetic sensor, respiratory tracking, virus detection
Copyright © 2020, Kee Young Hwang

DEDICATION

To
My Wife, Daughter, and all Family Members

ACKNOWLEDGMENTS

First, I would like to thank Dr. Manh-Huong Phan for guiding me with his great ideas and
remarkable skills in physics and beyond. He has inspired me and provided me with an
opportunity to complete my M.S. thesis research. In addition, I wish to thank Dr. Hariharan
Srikanth of the Functional Materials Laboratory for giving his advice and encouragement that lit
my research road.
I would like to thank to all committee members, Dr. Hariharan Srikanth, Dr. Sarath
Witanachchi, and Dr. Manh-Huong Phan, for giving me their valuable feedback that has helped
shape my M.S. thesis. I would also like to thank Dr. Baleeswaraiah Muchharla, Valery Ortiz
Jimenez, and all other group members for their kindness, great support, and advice. I am grateful
to Dr. Tatiana Eggers for proofreading the thesis and providing useful comments.
Lastly, I want to thank all my family members who financially, physically, and mentally
supported me and my research towards the completion of this thesis.
Part of the research work presented in this thesis was supported by the University of
South Florida Research Foundation for the COVID-19 detection project under Grant No.
125300.

TABLE OF CONTENTS

LIST OF TABLES

ⅲ

LIST OF FIGURES

ⅳ

ABSTRACT

ⅶ

1. INTRODUCTION
1.1 Overview
1.2 Objectives
1.3 Organization of the Thesis

1
1
3
4

2. MAGNETIC RESPIRATORY SENSOR: CONCEPT, DESIGN AND
FABRICATION
2.1 Magneto-LC Resonance (MLCR) Sensor
2.1.1 Working Principle
2.1.2 Design and Fabrication
2.2 Hall Effect Sensor
2.2.1 Working Principle
2.2.2 Design and Fabrication
2.3 Magnetic Respiratory Monitoring
2.3.1 Sensing Optimization
2.3.2 Real-time Breathing Monitoing
2.4 Summary

5
5
5
7
9
9
10
11
11
13
15

3. RESULTS AND DISCUSSION
3.1 Real-time Monitoring of Human Respiratory Motion at Different Ages
3.2 Real-time Monitoring of Human Respiratory Motion at Various Breathing
States
3.3 Real-time Monitoring of Human Respiratory Motion in Wake-up and Sleep
Modes
3.4 Real-time Monitoring of Human Respiratory Motion with Music
3.5 Real-time Tracking of COVID-19 using Magnetic Repiratoring Sensor and
Machine Learning – A Prospective Approach

16
16

4. CONCLUSION AND OUTLOOK
4.1 Summary
4.2 Future Research

31
31
32
i

18
21
24
29

REFERENCES

34

APPENDICES
Appendix A: List of Publications and Patents
Appendix B: Conference Presentations

40
41
42

ii

LIST OF TABLES

Table 2.1 Comparison of different magnetic sensors.

iii

8

LIST OF FIGURES

Fig. 2.1.

A simple RLC parallel circuit.

6

Fig. 2.2.

Schematic of the magnetic sensing measurement system.

8

Fig. 2.3.

A simple model of the vertical Hall element.

9

Fig. 2.4.

An image of a commercial Hall effect (THM1176-LF) sensor with a plastic
cover (left) and the sensor is connected to a battery-powered handheld
computer (right).

10

Real-time monitoring of a vibrator’s motion with a vibration frequency of 0.1
Hz and an optimal distance of 5 cm from a tiny permanent magnet, which
simulates the normal breathing patterns of a patient.

12

(a) The sensitivity of the MLCR sensor versus frequency at a distance 5 cm
away from a vibrating tiny permanent magnet; (b) the sensitivity of the MLCR
sensor versus distance (d) at f = 80MHz.

13

Two ways of real-time respiratory monitoring: (a) the patient lays down on a
comfortable bed or table and (b) the patient sits on a comfortable chair.

14

Real-time respiratory monitoring of the same subject using (a) the MLCR
sensor and (b) the Hall effect sensor.

15

Normal breathing patterns of three subjects aged (a) 30, (b) 36, and (c) 42
years old. Tests were repeated five times and showed consistent and
reproducible results in number of breaths per minute for each subject (d-f).

17

Peak-to-peak time as a function of time for three subjects aged at (a) 30, (b)
36 and (c) 42 years old. These observed abnormal breathings are correlated to
those seen in Fig. 3.1.

18

Fig. 3.3.

Breathing patterns of Subject 2 (36 YO) in normal and deep breathing states.

19

Fig. 3.4.

Breathing patterns of subjects aged (a) 36 and (b) 42 years old for three
different states; State 1: breath holding, State 2: breath releasing, State 3:
normal breathing.

20

Breathing pattern of Subject 2 (36 YO) during 180 s of sleep.

22

Fig. 2.5.

Fig. 2.6.

Fig. 2.7.
Fig. 2.8.
Fig. 3.1.

Fig. 3.2.

Fig. 3.5.

iv

Fig. 3.6.

(a) Breathing patterns of Subject 1 in both wake-up and sleep modes.

23

Fig. 3.7.

(a) Breathing patterns of Subject 3 in both wake and sleep modes. An obvious
transition from the wake to sleep mode was observed.

24

Breathing patterns of Subject 3 in sleep mode without music (a) and with (b)
the subject's favorite music.

26

Breathing patterns of Subject 1 in the wake mode while listening to two
different types of music: (a) hard rock music and (b) soothing piano music.

27

Fig. 3.10. Breathing patterns of Subject 2 in the wake mode while listening to two
different types of music: (a) hard rock music and (b) soothing piano music.

27

Fig. 3.11. Breathing patterns of Subject 3 in the wake mode while listening to two
different types of music: (a) hard rock music and (b) soothing piano music.

28

Fig. 3.12. A proposed sensing platform that integrates the ultrasensitive MLCR sensor
and machine learning for the fast screening and real-time monitoring of
COVID-19 or associated viruses at multiple states.

30

Fig. 3.8.
Fig. 3.9.

v

ABSTRACT
Breathing is vital to life. Therefore, the real-time monitoring of a patient’s breathing
pattern is crucial to respiratory rehabilitation therapies such as magnetic resonance exams for
respiratory-triggered imaging, chronic pulmonary disease treatment, and synchronized functional
electrical stimulation. While numerous respiratory devices have been developed, they are often
in direct contact with a patient, which can yield inaccurate or limited data. In this study, we
developed a novel, non-invasive, and contactless magnetic sensing platform that can precisely
monitor a patient’s breathing, movement, or sleep patterns, thus providing efficient monitoring at
a clinic or home. A magneto-LC resonance (MLCR) sensor converts the magnetic oscillations
generated by a patient’s breathing into an impedance spectrum, which allows for a deep analysis
of one’s breath variation to identify respiratory-related diseases like COVID-19. Owing to its
ultrahigh sensitivity, the MLCR sensor yields a distinct breathing pattern for each patient tested,
which is superior to existing respiratory devices. The sensor also provides an accurate measure
of the strength of a patient’s breath at multiple stages as well as anomalous variations in
respiratory rate and amplitude. This demonstrates that the MLCR sensor can detect symptoms of
COVID-19 in a patient due to his/her shortness of breath or difficulty breathing as well as track
the disease’s progress in real time. Using music, we demonstrate the possibility of using MLCR
technology to treat patients with chronic pulmonary diseases. This device can also be used to
help those who suffer from anxiety or insomnia.
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1. INTRODUCTION

1.1 Overview
Bacteria and viruses threaten our lives on a daily basis and are responsible for severe
plagues. To prevent further infection, it is essential to develop high-performance healthcare
monitoring devices that can detect a pathogen and provide accurate health condition data and
progress [1,2]. For instance, the development of novel respiratory devices to monitor breathing
has advanced healthcare service, especially for those experiencing asthma or chronic obstructive
pulmonary diseases.
In December 2019, the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2),
also known as COVID-19, began to spread across the globe and has since caused the suffering
and loss of life of millions of people [3,4]. This deadly virus has a structure similar to severe
acute respiratory syndrome (SARS) and is highly contagious as it can spread from one person to
another through air [5]. To limit the spread of COVID-19 and to help doctors in clinical decision
making, it is critical to have fast screening and real-time monitoring of symptoms and growth at
all stages (early, intermediate, and severe). Although detecting and tracking COVID-19
represents an incredibly challenging task, recent efforts have been devoted to achieving this
ultimate goal [6-13].
One well-known method to detect the virus is based on the reverse transcriptase
quantitative polymerase chain reaction (RT-qPCR) [6,7]. By collecting samples from subjects
and using the reverse transcriptase enzyme, a complementary viral DNA (cDNA) is created from
1

the RNA of the virus. Some portions of cDNA go through a polymerase chain reaction and can
thus be detected after an amplification process [8]. Another method for detecting COVID-19
uses an electronic sensor. A field-effect transistor (FET), which can bind to COVID-19, has been
developed and real-time changes to the electric signal have been demonstrated [9]. Optical
biosensors and biochemical tests have also been employed to detect this deadly virus [10-12].
Despite the advantages they provide, these sensors are vulnerable to human contact, inaccuracy
with small amounts of sample, and usually have long processing times [13].
Common symptoms of COVID-19 include: (i) shortness of breath or difficulty breathing,
(ii) cough, and (iii) fever. Some patients suffer symptoms similar to lung disease such as
pneumonia [5]. During the infection period, a patient likely experiences shortness of breath or
difficulty breathing, which can be detected using a real-time respiratory monitoring device [1416]. Current respiratory monitoring techniques are based on the impedance pneumography of the
respiratory inductance plethysmography (RIP). By attaching electrodes to a patient’s chest, the
expansion and contraction of the chest causes a change in electrical impedance that can be
expressed as the motion of respiration [15]. However, this contact-based method comes with
limited sensitivity and reliability. It is also an inconvenient method to perform actual tests, such
as children’s respiratory monitoring. Therefore, there is an urgent need for the development of
contactless devices that enable early and fast detection of COVID-19 or related diseases and
track their growth rates in real time.
In this thesis, we present a novel, non-invasive, and contactless magnetic sensing
platform that integrates an ultrasensitive magneto-LC resonance (MLCR) sensor with a tiny
permanent magnet for applications in advanced human healthcare monitoring. We have
compared the MLCR sensor with a commercial Hall effect sensor (made by Metrolab
2

Technology) that both yielded consistent results, which proves the concept and demonstrates the
practical implementation of magnetic respiratory monitoring technology for human health
monitoring.

1.2 Objectives
In this thesis research, we integrated the MLCR sensor with a tiny permanent magnet to
develop a novel, contactless, and non-invasive magnetic respiratory monitoring device for
human healthcare monitoring applications such as the fast screening and real-time tracking of
COVID-19. Tests were performed to examine the capacity of this new respiratory monitoring
device. The specific objectives of this research are:
1. To optimize the magnetic response of the MLCR sensor by adjusting the size and number
of turns in a coil made of a Co-rich amorphous microwire;
2. To determine the optimal sensing configuration/distance between the MLCR sensor and
the permanent magnet attached to the chest of a patient;
3. To examine the capacity of the MLCR sensor to monitor human respiratory motion
(frequency, amplitude, shortness of breath, etc.) at different ages. It is essential to know
how a person’s breathing varies with age;
4. To test if the MLCR sensor can precisely monitor a patient’s breathing, movement, and
sleep patterns. It is crucial to track how a patient’s breathing pattern changes from wakeup to sleep modes;
5. To integrate the MLCR sensor with music to develop a musically controlled magnetic
respiratory device that can be explored to treat patients with chronic pulmonary diseases
or those experiencing insomnia, sleeping difficulties, or respiratory-related diseases;

3

6. To propose, based on the above findings, a new approach utilizing the advantages of
magnetic sensing technology and machine learning for the fast screening and real-time
tracking of COVID-19 and its progress.

1.3 Organization of the Thesis
To address the objectives mentioned above, the thesis is organized as follows:
Chapter 1 introduces the research topic, states the motivation and objectives of the
research work, and describes the structure of the thesis.
Chapter 2 presents the basic principles, design, and fabrication of the MLCR sensor. The
optimization of the magnetic response of the MLCR sensor is described and some representative
results are presented. The basic principles, design, and fabrication of the Hall sensor are also
presented.
Chapter 3 presents the results obtained from the following experiments: monitoring
human respiratory motion (frequency, amplitude, shortness of breath, etc.) at different ages,
monitoring breathing pattern variations at multiple stages, monitoring a patient’s breathing
pattern after holding their breath, monitoring a patient’s breathing patterns in both wake-up and
sleep modes, and finally monitoring a patient’s breathing patterns in both wake-up and sleep
modes with soft and hard music. A novel approach based on the magnetic sensing technology
and machine learning is proposed for the fast screening and real-time tracking of COVID-19.
Chapter 4 summarizes the important results of the thesis work that demonstrate the
excellent capacity of the newly developed magnetic respiratory device for advanced human
healthcare monitoring. The potential applications of this novel technology are also proposed.
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2. MAGNETIC RESPIRATORY SENSOR: CONCEPT, DESIGN AND FABRICATION

In this chapter, we describe the basic principle, design, and fabrication of a magneto-LC
resonance (MLCR) sensor. The optimization of the magnetic response of the MLCR sensor is
investigated and some representative results are presented. The basic principle, design, and
fabrication of a commercial Hall effect (THM1176-LF) sensor are also presented. The sensing
capacities of both sensors are examined and analyzed.

2.1 Magneto-LC resonance (MLCR) sensor
An ultrasensitive MLCR sensor that utilizes the advantages of the giant magnetoimpedance (GMI) effect of an ultrasoft magnetic Co-rich microwire and an LC resonance circuit
of an inductive coil made of the Co-rich microwire has recently been developed by our group for
real time respiratory monitoring [16] and for spintronics applications [17]. We describe below
the working principle, design, and fabrication of the MLCR sensor.
2.1.1 Working principle
A conventional magneto-inductive coil induces a voltage between the ends of a nonmagnetic conductor when a dc current is flowing through it. This phenomenon is widely
explored to sense external magnetic fields. However, instead of using a non-magnetic wire (e.g.,
Cu) to make the inductive coil, we use a soft magnetic Co-rich microwire exhibiting the GMI
effect to make the inductive coil, which gives rise to an enhanced field sensitivity of the sensor.
The working principle of the MLCR sensor can be explained by considering a simple RLC
parallel circuit (Fig. 2.1) with resistance in series with the inductor [18-20].
5

Fig. 2.1. A simple RLC parallel circuit.
The components of a non-ideal inductor include the resistance (𝑅 ), the series inductance (𝐿),
and the parasitic capacitance (𝐶 ). The complex impedance (Zcoil) of the coil has two
components, the first from the series combination of L and RL and the second from CL in parallel.
Accordingly, the Zcoil can be expressed as
𝑍
𝑍

(2)

=

𝑍

where 𝑍

(1)

=𝑍 +𝑍

=

[
(

]
)

(

)

,

(3)

is the impedance of the coil, 𝑤 is the angular frequency, and 𝑖 is the imaginary unit.

Since the coiled wire of the small MLCR sensor is not long and has a high conductivity, the
resistance of the coil is so small that it can be neglected from Eq. (3). As a result, the impedance
of the coil can be approximately written as
𝑍

≅

.
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(4)

The moment at which the inductive and capacitive reactance are equal, the net current of the coil
becomes almost zero, which leads to the fact that the impedance becomes very large and the selfresonance occurs as an anti-resonance [21,22]. The resonance frequency (𝑓 ) is calculated as
follows:

𝑓 =

(

)

.

(5)

Accordingly, the application of an external magnetic field will cause a giant change in the
impedance of the coil, which in turn can be exploited to make an ultrasensitive magnetic sensor
such as the MLCR sensor as employed in the human respiratory motion monitoring experiments
in this thesis.
2.1.2 Design and fabrication
The key sensing component in an MLCR sensor is the soft magnetic Co-rich microwire
that is used to make the inductive coil. The coil has 10 turns of magnetic microwire wound
around a quartz tube, which is 7 mm in length and has a 3 mm internal diameter. The microwire
composition is Co69.25Fe4.25Si13B12.5Nb1, which was prepared by melt-extraction [23]. The diameter of
the microwire is ∼60 µm. The Co69.25Fe4.25Si13B12.5Nb1 microwires are amorphous in nature, which
was confirmed by an x-ray diffractometer (XRD), and shows mechanical properties desirable for
sensor manufacturing. The fabrication details and material characterization of the
Co69.25Fe4.25Si13B12.5Nb1 microwires are reported elsewhere [24,25]. Since the operating frequency is
around 100 MHz, the frequency dependence of the effective resistance, reactance, and
impedance was measured with an HP Agilent 4191A RF impedance analyzer operated by a
LabVIEW program. The magnetic coil is mounted onto a board with copper cladding on the
opposite side. A coaxial cable of ~50 cm length is connected to the board via an SMA port,
7

which is connected to the HP 4191A analyzer. The HP 4191A is calibrated at the end of the 50
cm SMA cable using the typical open, short, load (50 ) standards. A schematic of the MLCR
sensor and its measurement system is illustrated in Fig. 2.2.

Fig. 2.2. Schematic of the magnetic sensing measurement system. The magnetic coil as the
magnetic sensing element is connected to the impedance analyzer, which is controlled by a PC
using LabVIEW. An image of the magnetic coil-based sensing probe is also included.
Table 2.1 Comparison of different magnetic sensors.
Sensor
Fluxgate

Head Length
10 – 20 mm

Resolution
1 Oe/±3 Oe

Response Speed Power Consumption
5 kHz
1W

GMR

10 – 100 m

0.01 Oe/±20 Oe

1 MHz

10 mW

Hall

10 – 100 m

0.5 Oe/±1 kOe

1 MHz

10 mW

GMI

1 – 2 mm

1 Oe/±3 Oe

1 MHz

10 mW

MLCR

1 – 2 mm

0.5 Oe/±3 Oe

1 MHz

10 mW

Table 1 compares the important parameters of existing magnetic sensors including the
MLCR sensor. It is obvious that the MLCR sensor possesses the highest sensitivity and will
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potentially find wide ranging applications in industry, engineering, and healthcare monitoring
where the latter is demonstrated in this thesis work.

2.2 Hall effect sensor
In addition to the usage of the MLCR sensor, a commercial Hall effect sensor has also
been used to monitor human respiratory motion in real time following the same magnetic
respiratory monitoring design. This Hall effect sensor (THM1176-LF) was purchased from
Metrolab Technology USA [26].
2.2.1 Working principle
A Hall effect sensor measures the magnitude of a magnetic field. The output voltage of
the sensor is directly proportional to the magnetic field strength through it. The present Hall
effect sensor possesses a single integrated circuit that consists of one general planar Hall element
and two sets of vertical Hall elements. A simple model for the vertical Hall element is plates of
N-type silicon inserted vertically to a P-type substrate (Fig. 2.3).

Fig. 2.3. A simple model of the vertical Hall element.
When current flows from the center of the plate to the ends of the plate, the external
magnetic field will create a current at the middle of the plate in the opposite direction. By placing
9

these elements in an array, the sensor can measure a magnetic field along 3 axes with high
sensitivity.
2.2.2 Design and fabrication
The THM1176-LF sensor is assembled with 3 single-axis Hall sensors with on-chip flux
concentrators that has a range up to 8 mT. Since the magnetic sensor is sensitive to the
environment, a plastic cover was designed to protect the Hall sensor probe from bumps and
scrapes of normal use. The dimensions of the sensor are 76 × 22.5 × 14 mm

for the

instrumental electronics, 113 × 16 × 10 mm for the probe with housing, and 6 × 3.4 × 3 mm
for the field-sensitive point. The length of the cable is 3 m and the total weight is 160 g. The
entire instrument can be directly plugged into a PC or battery-powered handheld computer.
Figure 2.4 displays an image of the Hall sensor probe with a protective plastic cover. The image
of the entire sensor connected to a battery-powered handheld computer is also shown in Fig. 2.4.

Fig 2.4. An image of a commercial Hall effect (THM1176-LF) sensor with a plastic cover (left)
and the sensor is connected to a battery-powered handheld computer (right).
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2.3 Magnetic respiratory monitoring
Sleep monitoring, breathing pattern detection, and respiratory rate detection require highperformance, contactless, and compact respiratory devices for real-time monitoring and data
storage. These devices should not interfere with respiratory mechanics or daily life activities. A
variety of respiratory monitoring devices including pressure sensors, acoustic sensors, humidity
sensors, oximetry sensors, acceleration sensors, and resistive sensors have been developed [2732]. These sensors are usually wearable i.e. they can be mounted into clothes, attached to belts,
or fixed on the skin [32]. In many applications such as the monitoring of children’s breathing,
however, no direct contact between the sensor and the subject is required. Thus, highly sensitive
contactless respiratory monitoring devices are most desirable in these applications [16].
In this context, it is beneficial to develop a highly sensitive contactless magnetic sensor
that can detect, at a comfortable distance (~5 cm), the magnetic oscillations of a tiny permanent
magnet generated by the patient’s breathing. These signals can be converted into the impedance
spectra or magnetic flux change, allowing for the fast screening and real-time tracking of a
patient’s health condition and progress.
2.3.1. Sensing optimization
In this thesis research, we aimed to optimize the sensing capacity of the MLCR sensor.
To do so, we performed a systematic investigation on the sensitivity of the MLCR sensor as a
function of the operation frequency and the distance between the sensor and the targeted sensing
object. To determine the optimized operation frequency and distance from the MMC sensor to a
tiny permanent magnet, a vibrator with a non-magnetic arm was used. The waveform driving the
vibrator was sinusoidal wave with 0.1 Hz frequency with 3.3 V amplitude, which was 0.5 cm
from top to bottom. Changes in the external magnetic field, due to vibration of the permanent
11

magnet, drives a change in the impedance of the MLCR sensor, corresponding to the highest and
lowest peaks, which is defined as the sensitivity of the MLCR sensor (i.e. sensitivity = Zh – Zl,
where Zh and Zl are the highest and lowest values of impedance). Figure 2.5 displays a typical
vibrating (or breathing) pattern measured by the MLCR sensor as it detects the magnetic signal
of a vibrating permanent magnet that was located 5 cm away from the sensor.

Fig. 2.5. Real-time monitoring of a vibrator’s motion with a vibration frequency of 0.1 Hz and an
optimal distance of 5 cm from a tiny permanent magnet. This simulates the normal breathing
patterns of a patient.
By studying the effect of variation of operation frequency from 60 to 140 MHz on the
sensor’s sensitivity, we found the optimal operation frequency of 80 MHz to achieve the highest
sensitivity (see Fig. 2.6.(a)). Using this optimal operation frequency, we investigated the effect
of changing the distance between the sensor and the permanent magnet on the sensor sensitivity
and found that the 5 cm distance is optimal for magnetic respiratory monitoring using the MLCR
sensor (see Fig. 2.6.(b)). Therefore, in the thesis research, we operated the MLCR sensor at f =
12

80 MHz and placed it at d = 5 cm from the permanent magnet for all breathing monitoring
experiments (results are reported in Chapter 3).

Fig. 2.6. (a) The sensitivity of the MLCR sensor versus frequency at a distance 5 cm away from
a vibrating tiny permanent magnet; (b) the sensitivity of the MLCR sensor versus distance (d) for
f = 80 MHz.
2.3.2. Real-time breathing monitoring
To examine the sensing capacity and consistency of both sensors (the MLCR sensor and
the Hall effect sensor) in monitoring human respiratory motion in real time, we designed
experiments with the two sensors held on a non-magnetic arm at a distance of 5 cm away from a
tiny permanent magnet (e.g., NdFeB) mounted to the skin of a test subject. As the test subject
breathes in and out, the chest will rise and fall, which generates a corresponding magnetic field
change of the permanent magnet tracked by the MLCR or the Hall effect sensor. In other words,
the motion of the permanent magnet is converted into an impedance change of the MLCR sensor
or the magnetic flux change of the Hall effect sensor. To perform human respiratory motion
tests, we have designed two comfortable test configurations; laying down on a bed or sitting on a
13

fixed chair (see Fig. 2.7.). In this thesis, we collected and presented respiratory monitoring data
for all subjects tested using the method illustrated in Fig. 2.7.(a).

Fig. 2.7. Two ways of real-time respiratory monitoring: (a) the patient lays down on a
comfortable bed or a table and (b) the patient sits on a comfortable chair.
The respiratory monitoring results from the same subject using these two sensors are
shown in Fig. 2.8. As one can see clearly from this figure, both the sensors yielded a near
identical breathing pattern and both precisely revealed a breathing transition from one state to
another. This demonstrates the excellent abilities of the magnetic respiratory sensing platform
that we have designed for advanced human healthcare monitoring. We found that once it is
optimized, the MLCR sensor possesses a higher sensitivity and reveals abnormal breathing
features (around 40 s to 60 s) more conspicuously than the Hall Effect sensor. Therefore, we
present respiratory monitoring results from the MLCR sensor for the remainder of this thesis.

14

Fig. 2.8. Real-time respiratory monitoring of the same subject using (a) the MLCR sensor and
(b) the Hall effect sensor. While both sensors produce near identical breathing patterns, the
MLCR sensor shows a higher sensitivity as it reveals abnormal breathing patterns more clearly.

2.4 Summary
In this chapter, we presented the basic principles, design, and fabrication of the MLCR
and Hall effect sensors used in breathing monitoring. We have investigated the effects of the
operation frequency and sensing distance on the MLCR sensor sensitivity and found that f = 80
MHz and d = 5 cm are optimal parameters that achieve the highest sensitivity. A comparative
sensing capacity study between the MLCR sensor and the commercial Hall effect sensor has
shown that both sensors are capable of precisely monitoring human respiratory motion in real
time. As compared to the Hall effect sensor, the MLCR sensor shows a higher respiratory
monitoring capacity and is therefore exploited for advanced human healthcare monitoring.

15

3. RESULTS AND DISCUSSION
In this chapter, we demonstrate how to monitor respiratory motion (frequency, amplitude,
shortness of breath, etc.) in real time and the analysis of patients’ breathing pattern at different
ages, at multiple stages, after holding breath, in both wake-up and sleep modes, and a patient’s
breathing patterns response with soft and hard music. Based on the findings, a novel approach
that couples magnetic sensing with music for chronic pulmonary disease treatment is proposed.
Another approach that integrates magnetic sensing with machine learning is also proposed for
the fast screening and real-time tracking of COVID-19 and related viruses.

3.1 Real-time monitoring of human respiratory motion at different ages
Research has shown that respiratory rate or breathing frequency decreases with age [32].
For instance, an infant (1 to 12 moths) breathes between 30 to 60 times per minute, toddlers (1-2
years) breathe anywhere from 24 to 40 times per minute, and preschoolers (3-5 years) breathe
between 22 to 34 times per minute. While school-aged children (6-18 years) breathe anywhere
from 18 to 30 times per minute, an adult (18-35 years) breathes between 12 to 18 times per
minute. Elderly people (> 50 years) have respiratory rates between 16 and 25 breaths per minute.
A respiratory rate of more than 25 breaths per minute may indicate a respiratory issue such as
tachypnea [32,33].
Therefore, it is essential to examine if the magnetic respiratory device can precisely
monitor and distinguish breathing patterns of people at different ages. The tests were performed
on three volunteered subjects (a, b, c) of ages 30, 36, and 42 years old (YO). The results shown
in Fig. 3.1(a-c) indicated that the 30 YO breathed the strongest and at a rate of 13 times per
16

minute. The 36 YO breathed 15 times per minute and the 42 YO breathed 17 times per minute.
The tests were repeated several times and showed reproducible and consistent results (see Fig.
3.1(d-f)). These results demonstrate that each person has a characteristic breathing pattern. When
one gets older, they breathe weaker and the number of breaths per minute increases. This finding
is consistent with those reported in previous works [27-32].

Fig. 3.1. Normal breathing patterns of three subjects of ages (a) 30, (b) 36, and (c) 42 years old.
Tests were repeated five times and showed consistent and reproducible results in number of
breaths per minute for each subject (d-f).
Shortness of breath or abnormal breathing is noticed near t = 20 s for the 30 YO, between
20-40 s for the 36 YO, and at 35 and 45 s for the 42 YO in Fig. 3.1(a-c). To gain more
information from these features, we analyzed the peak-to-peak time and plotted it as a function
of time. As one can see in Fig. 3.2(a-c), there are some abnormal changes in the breathing
pattern at the previously mentioned times. Such features of abnormal breathing or shortness of
17

breath are not detectable by an Apple Watch tracker or a commercially available respiratory
monitor. This demonstrates the increased capacity of our ultrasensitive magnetic respiratory
device for human healthcare monitoring.

Fig. 3.2. Peak-to-peak time as a function of time for three subjects aged (a) 30, (b) 36, and (c) 42
years old. These abnormal breathing patterns are related to those seen in Fig. 3.1.

3.2 Real-time monitoring of human respiratory motion in multiple breathing states
In practical applications, it is essential that a sensor is able to precisely monitor a
patient’s breathing in various and complex states in real time [32,33]. Existing respiratory
monitoring devices are unable to provide this information.
In this study, we tested the ability of the MLCR sensor to monitor a patient’s respiratory
motion in simple and complex breathing states. Subject 1 was instructed to breathe in two
different states, namely, the normal and deep breathing states. The MLCR sensor precisely
tracked how his/her breath (breathing amplitude and rate) varied and transitioned from one state
to another (Fig. 3.3.), which demonstrates the excellent capacity of the MLCR sensor for realtime tracking of a patient’s health progress.
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Fig. 3.3. Breathing patterns of Subject 2 (36 YO) in normal (State 1) and deep (State 2) breathing
states. The sensor provided an accurate measure of the strength of breath at these two states. An
obvious breathing transition from the first to the second state is observed.
It has been reported that breathing training can significantly enhance health and physical
performance in humans [32]. A proper breath holding technique can increase the amount of
carbon dioxide in our cells and help us reveal personal issues we need to confront [33,34]. It has
been shown that breath control improves lung function, which in turn preserves the health of
stem cells and improves longevity, as well as promotes the regeneration of new tissues in the
brain [35]. It has been reported that daily exercise of breath control can positively impact the
sympathetic nervous system and the immune system by increasing the production of antiinflammatory mediators [32-35].
In this regard, we explored the ultrahigh sensitivity of the MLCR sensor for real-time
tracking of a patient’s breathing in multiple/complex states from holding breath (State 1) to the
release of breath (State 2) and the return to normal breathing (State 3). A clear understanding of
this complex breathing process provides valuable information of the patient’s health and may
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help doctors to develop an appropriate treatment plan for the patient. In our study, subjects 2 and
3 were instructed to first hold their breath as long as they could (State 1), then release their
breath (State 2), and finally come back to normal breathing (State 3). The selected test results are
displayed in Fig. 3.4.

Fig. 3.4. Breathing patterns of subjects aged (a) 36 and (b) 42 years old at three different states;
State 1: breath holding, State 2: breath releasing, and State 3: normal breathing.
It is worth noticing in this figure that both the subjects underwent three distinguishable
states, which were precisely tracked by the MLCR sensor. Subject 2 held the longest breath for
47 s (State 1) and, after releasing the breath, took 15 s to catch their breath (State 2) before
returning to normal breathing (State 3). Meanwhile, Subject 3 held their longest breath for 30 s
(State 1) and, after releasing the breath, took only 10 s to catch their breath (State 2) before
returning to normal breathing (State 3). Compared to Subject 3, Subject 2 breathed more
regularly after releasing their breath toward the normal breathing state. These findings seem to
suggest that when getting older, one’s ability to hold his/her breath decreases to a shorter period
of time and they may experience more respiratory issues. Using this testing method, one can be
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aware of their current health status and be encouraged to follow an appropriate breathing control
method to improve health and physical performance.

3.3 Real-time monitoring of human respiratory motion in wake-up and sleep modes
Nowadays, many people experience insomnia, sleep difficulties, dream sleep, or chronic
trouble falling asleep. According to the American Sleep Association (ASA), insomnia is the most
common sleep disorder [36]. Currently, about 30 percent of American adults are faced with
insomnia. Insomnia can arise for various reasons such as irritability, depression or anxiety, stress
from multiple work tasks, medical conditions, or mental health disorders and it can reduce our
health, work performance, and quality of life. Research has shown that breathing training
techniques can help us relax, sleep, and breathe more naturally and effectively [32,37]. Before
using such techniques, it is essential to understand what affects our breathing before, during, and
after our sleep [37]. In this context, there is an urgent need for the development of a highly
sensitive, contactless respiratory monitoring device that can precisely monitor human respiratory
motion in real time in these states. Owing to its ultrahigh sensitivity, the MLCR sensor is
expected to fulfil this requirement.
In this thesis, we examined the capacity of the MLCR sensor in monitoring a patient’s
respiratory motion during sleep, as well as tracking a transition of his/her respiratory motion
from wake-up mode to sleep mode. First, we show how respiratory motion of a patient can be
tracked in real time during sleep by the MLCR sensor. In this case, the breathing pattern of
Subject 2 (36 YO) was tracked while the subject was sleeping. As one can see clearly in Fig. 3.5,
the sleeping patterns were clearly recorded. It is worth noticing that an abnormal breathing or a
shortness of breath occurred around t = 80 s. This may suggest that this subject experiences some
respiratory problems or associated diseases.
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Fig. 3.5. Breathing pattern of Subject 2 (36 YO) during 180 s of sleep and periodic sleeping
patterns were observed.
Next, we tracked how the respiratory motion of a patient (Subject 1 and Subject 3)
changed during their wake-up or sleep period, as well as from the transition from wake to sleep
mode. The breathing patterns of Subject 1 (30 YO) were continuously tracked from wake to
sleep mode, the result of which is shown in Fig. 3.6. This figure clearly shows a clear breathing
transition of the subject from the wake-up to the sleep mode. It is also worth noting that in sleep
mode, the subject breathed more deeply (higher amplitude) and slowly (11 times per minute) as
compared to the wake mode (12 times per minute). In a similar fashion, the breathing patterns of
Subject 3 (42 YO) were continuously tracked from wake to sleep mode (see Fig. 3.7.). The
sensor precisely tracked how his breath transitioned from wake to sleep mode. In sleep mode, the
subject breathed more deeply (higher amplitude) and slowly (14 times per minute) as compared
to the wake mode (20 times per minute). The results obtained from both Subject 1 and Subject 2
consistently pinpoint the fact that, in a normal sleep mode, one tends to relax and sleep better
than during the wake mode. Relative to Subject 1, there is more of a difference in the respiratory
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rate between the wake and sleep mode found for Subject 3. This suggests that older people tend
to relax more during sleep [37].

Fig. 3.6. (a) Breathing patterns of Subject 1 in both wake and sleep modes. An obvious transition
from the wake to sleep mode was observed. (b) and (c) show the wake and sleep breathing
patterns over 1 min.
In addition, the ultrahigh sensitivity of the MLCR sensor enables the detection of
abnormal breathing around t = 40 s in both the wake-up and sleep breathing patterns for Subject
3. This indicates that the noticed abnormal breathing is intrinsic to Subject 2 and that this subject
should be aware of this potential respiratory issue or related disease (e.g., chronic pulmonary
disease) and should thus perform daily breathing training/exercises to resolve it [32,37].
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Fig. 3.7. (a) Breathing patterns of Subject 3 in both wake and sleep modes. An obvious transition
from the wake to the sleep mode was observed. (b) and (c) show the wake-up and sleep breathing
patterns per 1 min.

3.4 Real-time monitoring of human respiratory motion with music
Research has shown that music can slow down our breathing rates, which helps to release
stresses and promote relaxation as well as treat chronic pulmonary disease [38-42]. Sakaguchi
and Aiba investigated the relationship between musical characteristics and temporal breathing
patterns during a piano performance [39]. They found a correlation between the breathing pattern
and two-voice polyphonic structure for several participants. The study suggested that breathing
during a piano performance depends not only on the musical parameters and organization written
in the score, but also some pianist-dependent factors that might be ingrained in individual
pianists. Leslie and co-workers evaluated the efficacy of music intervention for participants
engaged in an attention-demanding task but not asked to concentrate on their breathing while
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listening to music [40]. They showed that the interactive music design slowed down the
participants’ breathing rates and promoted their relaxation. Siwiak et al. designed a musical
biofeedback for breathing regulation [41]. In this design, the respiratory motion of the tested
subject was tracked and interpreted as a real-time variable for tempo adjustment to a stored
musical file. The subject was able to adjust his or her breathing to synchronize with a separate
accompaniment line. When the breathing was regular and at the desired tempo, the resulting
sound was synchronous and harmonious. The result of this study helped to slow down breathing
rates and increase relaxation.
In this thesis research, we have coupled the MLCR sensor with music to develop a novel
magnetic music therapy platform. As we demonstrated above (section 3.3), the sleeping could
slow down the breathing rate and increases the relaxation. Therefore, in this research, we attempt
to examine how the breathing pattern of a subject changes when he/she slept with and without
their favorite music in the background. In this case, the breathing patterns of Subject 3 (42 YO)
were continuously tracked in sleep mode with and without their favorite music and the results are
shown in Fig. 3.8. As one can clearly see in Fig. 3.8(a), for the case of the sleeping without
music, the subject breathed more slowly and regularly at 14 times per minute, as compared to the
wake mode (17 times per minute). During sleep mode with music, the subject breathed regularly
and slowly (11 times per minute) compared to sleep without music (14 times per minute) and
wake mode (17 times per minute). Remarkably, while the abnormal breathing feature around t =
40 s is observed for all states (wake-up and sleep modes with and without music), the breathing
pattern becomes more regular in the case of sleep with music (see Fig. 3.8(b)). This is an
important observation that indicates the possibility of integrating magnetic sensing technology
with music to develop a novel magnetic music therapy for advanced healthcare services.
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Fig. 3.8. Breathing patterns of Subject 3 in sleep mode without (a) and with (b) the subject’s
favorite music. The subject breathed more regularly and slowly while sleeping and listening to
the music at the same time.
Next, we designed a unique experiment within which a test subject listened to two
different types of music (hard rock music vs soothing piano music) while sleeping. Subject 1,
Subject 2, and Subject 3 participated in these experiments and the results are displayed in
Figures 3.9-3.11. As one can see in Fig. 3.9, there was a noticeable difference in the breathing
pattern when Subject 1 was listening to the soothing piano music as compared to the hard rock
music. In particular, the subject listening to the soothing piano music breathed more regularly
and slowly with 12 breaths per minute compared to when they listened to hard rock music (13
breaths per minute). Note that the music volume was kept the same (50 %) in both cases.
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Fig. 3.9. Breathing patterns of Subject 1 in the wake-up mode while listening to two different
types of music: (a) hard rock music and (b) soothing piano music.

Fig. 3.10. Breathing patterns of Subject 2 in the wake-up mode while listening to two different
types of music: (a) hard rock music and (b) soothing piano music.
A similar trend was also observed for Subject 2 as shown in Fig. 3.10. The breathing rate
reduced significantly from 22 times per minute during the hard rock music to 15 times per
minute for the soothing piano music. In addition, there many abnormal breathing features
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appeared at t = 50, 80, and 115 s while listening to the hard rock music. Unlike the cases of
Subjects 1 and 2, the effect of hard rock and soothing piano music on the breathing pattern of
Subject 3 is opposite.

Fig. 3.11. Breathing patterns of Subject 3 in the wake-up mode while listening to two different
types of music: (a) hard rock music and (b) soothing piano music.
As one can see clearly in Fig. 3.11, Subject 3 breathed more regularly and slowly with 12
breaths per minute when listening to the hard rock music as compared to the soothing piano
music (15 breaths per minute). Abnormal breathing was also detected during the soothing piano
music breathing pattern. These results demonstrate the strong relationship between breathing
pattern and music and that the magnetic music therapy platform can be practially implemented to
improve daily sleep performance, to reduce unwanted stresses or anxiety, or to treat patients with
respiratory diseases such as chronic pulmonary disease.
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3.5 Real-time tracking of COVID-19 using magnetic sensing and machine learning – A
prospective approach
Based on the important findings presented above, we propose to integrate the MLCR
sensor with machine learning to develop an innovative, contactless diagnostic device that can
sense the symptoms of COVID-19 through breathing at multiple stages of disease progress,
which can provide crucial information on the growth rate by a patient of this deadly virus. This
new detector can precisely measure and track a patient’s breathing pattern and respiratory rate in
real-time, thus providing efficient screening and monitoring at a clinic or at home. It allows for a
deep analysis of one’s breath variation to identify patients infected by COVID-19 or another
virus. We will also add predictive analytics, with the help of machine learning, to provide a good
understanding of what can and cannot be determined about a patient’s health condition status and
a possible treatment plan based on the available data. The detector is proposed to provide early,
fast, and accurate screening of COVID-19 or associated viruses and real-time tracking of their
growth rates.
A block diagram explains how the detector can be implemented to detect and track
COVID-19 progress as well as to help doctors with clinical decision making. Our research is
comprised of two main parts. In part (1), the sensor will be used to test “known” cases of
COVID-19 (primary tests will focus on patients ages 60 or older due to the highest rates of
death). The test results obtained are classified using AI and machine learning into three groups:
- Group I represents those who were just diagnosed with COVID-19 (Early Stage);
- Group II represents those whose condition from COVID-19 is cautious (Intermediate Stage);
- Group III represents those with serious COVID-19 complications (Severe Stage).
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Fig. 3.12. A proposed sensing platform that integrates the ultrasensitive MLCR sensor and
machine learning for fast screening and real-time monitoring of COVID-19 or associated viruses
at multiple states.
This data set is further analyzed using machine learning to provide statistic information
about COVID-19 cases as stored within a Reference Data library. The reference data will be
provided to the sensor aimed at the identification of similar patient symptoms tested in part (2).
Once part (1) is completed, the sensor will be used to test people who are unknown to have
COVID-19 or at unknown infection stages in order to identify patients and infection levels from
which appropriate treatment plans will be drawn out by doctors. Test results obtained from (2)
will also be supplied to machine learning for the analysis and enrichment of the Reference Data
library. Monitoring COVID-19 patients remotely with a detector and the collection of numerous
types of physiological data would also improve clinical decision making for providers.
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4. CONCLUSION AND OUTLOOK

4.1 Summary
We have developed an innovative, contactless magnetic respiratory monitoring platform
based on ultrasensitive magneto-LC resonance (MLCR) technology and a permanent magnet.
This technology has been successfully applied to test human respiratory motion in real time and
in different states. The technology was also coupled with music to provide an effective method
for improving human breathing and physical performance. The main findings of the research in
this thesis are highlighted below:


We systematically investigated the effects of the operation frequency and sensing
distance on the MLCR sensor sensitivity and found an optimal condition (f = 80 MHz
and d = 5 cm) for real-time respiratory monitoring.



We demonstrated that the respiratory monitoring capacity of the MLCR sensor
sensitivity is superior to that of a commercial Hall effect sensor, although both
sensors have been shown to provide consistent results in monitoring human
respiratory motion in real time.



We demonstrated that the MLCR sensor can track a person’s breathing pattern very
precisely in real time over the course of multiple states (normal breathing, holding
breath, and sleeping). Owing to its ultrahigh sensitivity, the sensor yielded a distinct
breathing pattern for each person tested and revealed abnormal breathing, which is
superior to existing respiratory monitoring devices.
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We have shown that when getting older, one usually manifests weaker breathing
marked by an increasing breathing rate. He/she tends to hold his/her breath for a
shorter period of time and often experiences more with respiratory issues than
younger people. People become more relaxed, thus breath more regularly and slowly
while sleeping as compared to the wake-up mode. Our highly sensitive magnetic
respiratory monitor provides not only valuable information on a patient’s current
health status, but also a novel breathing control tool for improving our health and
physical performance.



We coupled the MLCR sensor technology with music to develop a novel magnetic
music therapy method that can help those with insomnia or sleep difficulties to
function better. We demonstrated a strong relationship between breathing pattern and
music, which opens up new opportunities for engineering music to slow breathing
and invite a relaxed physiology.



Finally, we proposed an innovative approach that couples the MLCR sensor with
machine learning for the fast screening and real-time monitoring of the breathing
symptoms of COVID-19 at multiple stages of disease progress and to provide crucial
information on the growth rate of this deadly virus.

4.2 Future Research
Through the thesis research, we identify several exciting and important applications of
our novel magnetic respiratory monitoring technology for advanced human healthcare systems.
In particular, research on the practical implementation of this technique for the fast screening and
real-time tracking of COVID-19 or associated viruses is very exciting and worth pursuing.
Monitoring COVID-19 patients remotely with the MLCR detector and collecting data from
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numerous physiological signals would improve clinical decision making for providers [42-45].
The development of a magnetic-musical biofeedback for breathing regulation is a novel
approach, which will stimulate further studies to fully exploit its unique practicality and wideranging healthcare monitoring/improvement applications. This technology can also find its place
among other important applications in artificial intelligence, emotional detection, and space
control and management.
The Fast Fourier Transform (FFT) algorithm, which converts a signal from the time
domain to the frequency domain and vice versa, will be used to extract spectral features from
breathing patterns. This will also be used by machine learning and other algorithms for signal
processing and to provide comprehensive information on a patient’s health status and physical
performance.
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